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Abstract
This paper utilizes a panel data sample selection model to correct
the selection in the analysis of longitudinal labor market data for mar-
ried women in European countries.
We estimate the female wage equation in a framework of unbal-
anced panel data models with sample selection. The wage equations of
females have several potential sources of bias so in this paper a panel
data estimator, a test for selection bias and a correction procedure are
used.
JEL. classification: J2, J3, C2, C3
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Introduction
If equation of interest is only defined for non random sub-sample of popula-
tion while the parameters of interest are defined for the whole population,
OLS estimation could lead to inconsistence premier estimates, due to unob-
servable heterogeneity and selection bias.
The wage equation of females have the following potential sources of
bias: first, unobserved heterogeneity for unobserved worker characteristics
(ability); second, sample selection bias which occurs if unobservable char-
acteristics, that affect the work decision, are correlated with characteristics
that affect the process determining the wage.
In this paper we calculate the female wage equation in a structure of
panel data models with sample selection. Due to the increased availability
of longitudinal data and recent theoretical advances, panel data are now
usually used in applied work in micro-econometrics.
The hourly wage is taken from the supporting equation which is a stan-
dard Mincer wage equation with independent variables containing experi-
ence, experience squared and the education level. First we assume that
there isn’t sample selection so we use an OLS estimate. Then we fit the
wage equation with the Heckman model in a framework of panel data sam-
ple selection.
The objective of this paper is to demonstrate, using the panel data ap-
plied to the European female wage equation, the impact of selection bias on
the estimated coefficients.
Recently some estimators have been proposed to solve the problem of
estimation bias using the panel data technique. Verbeek and Nijman (1992)
proposed two tests for selection in panel data.
Wooldridge (1995) proposed a test to correct the selection bias that
occurs when unobserved effects are correlated with explanatory variables.
Kyriazidou (1997) proposed a semiparametric approach to correct the selec-
tion bias. Both the selection term and the unobserved effect are removed
by difference between two periods. Rochina and Dustmann (2000) take into
account that the non-strict exogeneity of regressors can be violated. Semyk-
ina and Wooldridge in 2006 have estimated panel data models in presence of
endogeneity and selection they have proposed a new estimator of panel data.
We use this estimator combined with the the test for selection proposed by
Wooldridge in 1995, but with a small modification in the model because we
don’t have endogeneity in our covariant variables.
The paper is organized as follows. In section 1 we discuss the data set
used in the analysis. In Section 2 we estimate the participation equation and
the wage equation for married women, testing for selection bias and using
a correction procedure for this bias as proposed by Wooldridge-Semykina
(2006). Finally we present the results and conclusion.
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1 Sample characteristics
The data analyzed in this work come from a survey by the European Com-
munity Household Panel (ECHP), a multi-country annual longitudinal sur-
vey which collected data since 19941 in 15 European Union Member States
under the coordination of EUROSTAT(Statistical Office of the European
Communities).
The data set covers about 130,000 individuals from 60,000 households in
the fifteen countries which were EU members in 2000, reflecting population
changes over time through a continuous evolution of the sample. The panel
data cover a wide range of subjects such as demographics, labour force be-
havior, income, health, education and training, housing, poverty and social
exclusion, etc. The survey is structured in the form of annual interviews with
a particular representative sample of household members in each country.
Interviews are conducted following a standardized questionnaire, although
each country can modify the questionnaire’s wording to some extent, to re-
flect their own institutional arrangements.
The sample is constructed as an unbalanced panel of all women between
the ages of 25 and 55 years, who are married with or without children, and
who are old enough to have finished their formal education and too young
to retire. The size of this sample varies across the countries.
The explanatory variables that we take in consideration for our analysis
reflect the opportunity and the constraint that could affect the labour supply
of females.
The variables refer to the personal characteristics of the individual (age,
work experience 2, education, etc), household income family (family income
without wife’s earnings), family characteristics (children with different levels
of age, house size) and husband characteristics such as if he is active or not,
if he receives an employment benefits or not and his level of education.
All variables of income are measured in local currency units deflated by
the average exchange rate in the sample year, and we take them in logarithm
3.
In Table 1 we present the estimate of the labour force participation rate
of married women in 1994− 2001 calculated by dividing the number of eco-
nomically active women (at work or seeking a work) by their total number.
There is a large difference between Mediterranean European countries and
Scandinavian countries like Finland and Denmark. The range varies from
1Belgium, Germany, the Netherlands, the U.K., Denmark, France, Greece, Ireland,
Portugal, Italy and Spain started in 1994 (wave 1), Austria joined in 1995 (wave 2),
Finland joined in 1996 (wave 3).
2We use potential experience as a difference between the age of women and the year
when she started the first job
3For France and Austria the wage and the unemployed benefits are in gross amount,
we need to use the net/gross ratio.
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50% for the first group to 90% for the second group, this may be caused
by substantial differences in the organization of the welfare state. In the
last two years, while Europe was in a recession, the rate declined in most
countries. Ireland seems to be an exception because its employment rate is
more similar to the Mediterranean countries, which can be interpreted as
the result of cultural differences. Another exception is Portugal where the
female participation rate is very high. The sample varies across years and
across countries, allowing that the panel is unbalanced panel.
Summary statistics are presented in Table 2. The average age is around
38 years in all countries. We have three dummy variables for children de-
pending on the age, between 0 and 13, to consider children that may be are
need more attention in this age. Northern countries have a greater number
of babies with age under 3 years old compared to Southern countries. The
variable of experience is around 20 years in average in all countries, while
for education we find a difference between countries and between husbands
and wives. Countries such as Portugal, the Netherlands or Italy have and
higher percentage of females with tertiary education, while husbands are
less educate compared to wives.
2 Model of Panel Data Sample Selection
Sample selection is more frequently used in studies for cross-section and less
common to estimate with panel data. Maddala (1993) defines panel data
as data sets on the same individual for different period of time. When we
want to estimate the wage equation for married women we face different
problems: selection bias, heterogeneity and eventually endogeneity.
We have selection bias because the dependent variable of the wage equa-
tion can be measured only if the individual participates to the labour market.
The literature offers estimators for correcting this problem (Heckman 1979,
Powell 1994).
Heterogeneity is associated with the unobserved ability and motivation
of an individual (e.g. education), and if this unobserved individual effects
are correlated with the regressor of the model, the simple estimations with
OLS are inconsistent, while panel data solve this problem.
The observation in panel data has two dimensions: a cross-section di-
mension indicated by i and a time series dimension indicated by t.
Panel data have some benefits as: control for individual heterogeneity, less
collinearity among variables, more variability, large numbers of available in-
struments, study for dynamics of adjustment, etc. Limitations of panel data
are a problem for non response, attrition, measurement of errors, design and
data collection problems, etc.
Most panels are incomplete, especially when the panel concerns the
household, because some of them move outside the panel for different causes.
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In this case the panel is called unbalanced. More forms of selection bias and
heterogeneity present in the panel data are eliminated by the fixed effects
estimator under the assumption of strictly exogenous explanatory variables
(see Verbeek and Nijman 1992). Recent papers have introduced some en-
dogenous regressors as explanatory variables with selection bias and a source
of heterogeneity in the equation of interest.
Consider the following model:
wit = xitβ + γi + µit (1)
$∗it = Zitγ + αi + εit (2)
$it = 1 if $∗it > 0 (3)
where i, (i=1,......,N) denotes the individual and t,(1,....,T) denotes the
panel. The dependent variable in the primary equation, wit, is only observed
if $∗it > 0, so selection bias is introduced. The errors are decomposed in
individual effects (αi, γi), and idiosyncratic errors (εit, µit), while xit is a
1xK vector that may contain both exogenous and endogenous explanatory
variables and β is a Kx1 vector of unknown parameters. We allowed a
correlation between the unobserved effects and the regressor, and some of
the elements of xit are correlated with the idiosyncratic errors εit.
Given the distributional assumptions, it’s possible to estimate the un-
balanced panel data with a standard probit or Tobit regression for each time
period followed by a multivariate linear regression. These are methods of
extended regression to cover models which violate ordinary least squares
(OLS) regression’s assumption of recursively.
To test the sample selection Wooldridge in 1995 proposed a semi-parametric
method with respect to the main equation. It doesn’t required joint nor-
mality of the error in both equations. Starting with the model of Mundlak
(1978), where if there is a correlation in the selection equation between the
individual αi and Zi, we need a set of individual exogenous instruments ξzi,
so αi can be written as:
αi = η + ξiz¯i + fi (4)
where z¯i is a vector of individual exogenous variables averaged across
period time t. The selection indicator $i is rewritten as:
$it = 1[Zitγ + ξiz¯i + υit > 0] (5)
where υit = fii + it has zero means normal distribution.
If E(υit|µit) is linear, then we have:
E(µit|zi, γi, $i) = ρE(υit|zi, $it) (6)
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Wooldridge imposes two assumptions on the selection equation: the re-
gression function of ξi and Zi is linear, and the error term in selection equa-
tion, υit is independent of zi and xi and normal(0, σ2t ). There are two other
assumption concerning the relationship between αi and eit. First the regres-
sion function αi on xi and υit is linear. Second, eit is means independent of
(zi and xi) conditional on υit and its conditional mean is linear.
Under these assumption the wage equation becomes:
wit = xitβ + γi + ρE(υit|zi, $it) + eit (7)
where eit is an idiosyncratic error term uncorrelated with the regressor,
the unobserved effect and the selection indicator.
If $it is equal to one, using a probit estimation at each period t we
obtain the estimation of E(υit|zi, $it = 1) that is equal to λ(η+ξiz¯i+Zitγ),
where λ(·) is the inverse Mills ratio. We put the estimation of λˆit, in the
wage equation and estimate this with a simple regression model or with the
2SLS model if we have endogenous regressor. We use t-statistic for testing
the null hypothesis H0 : ρ = 0.
To add more flexibility to the model it’s possible to calculate the inter-
action terms to λ with time dummies, and test the selection with a Wald
test. This procedure for correcting the bias and the inverse Mills ratio is a
consistent estimator of the parameters.
If the null hypothesis is true, so there isn’t selection, then OLS has a
consistent estimator for the primary equation provided there aren’t endoge-
nous variables. We applied this procedure to estimate the wage equation for
married women in the ECHP.
3 Empirical estimates
Given the panel structure of data set, we start analyzing the determinants
of the equation participation of married women. We estimate this equation
with a probit random effects model for panel data, because if we try to
estimate the probit with fixed effects we have serious problems due to the
large number of incidental parameters that make the estimator inconsistent,
but a large T can solve this problem (see Arellano-Hanhn, 2006). The
participation equation was written before as:
q∗it = ai + βXit + τi + vit (8)
qit = 1[q∗it ≥ 0] (9)
where qit(active), is a dummy variable which takes 1 if the woman partici-
pates in the labourmarket and 0 if she doesn’t. We excluded self-employed
married women. The participation equation, q∗it, is positive only if the
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dummy variable (eq. 2) equals one. The decision to participate depends
on a vector of explanatory variables Xit. This vector includes the per-
sonal and family characteristics of the woman: age, education, children,
household income without her wage income, and the characteristics of her
husband (status of work -unemployed or not-, education and if he receives
unemployed benefits); β is a vector of unknown parameters and τi and vit
are respectively time invariant effects specific to individual and individual
time-varying error.
Table 3 displays the estimations of the panel probit participation equa-
tion for each country.
Interest parameters estimates have an effect on the probability of women
to participate in the labour market, and the convexity of the age is conforms
at the empirical literature with a temporal effect. Probably the participation
increases until women assume more family responsibilities.
The presence of children with age less than six years old has a negative
effect and is significant in all countries, while children with age after 13 years
old don’t have an effect and the sign is positive in the probability.
Concerning education, we find that the propensity to participate in the
labour market of female increases with their level of education and the level
of her husbands.
All income variables are deflated with CPI (Consumer Price Index) so a
comparison among years is possible, and at the same time we use the PPP
(Purchasing Power Parity) that allows a comparison among countries.
Our estimates show that the coefficients of the income variable are signif-
icant and have the expected signs in several countries. The woman’s labour
participation decreases when her non-labour income increases especially in
Northern countries.
Having an unemployed husband who receives benefits doesn’t encourage
women to participate in the labour market except in Germany, Belgium
Denmark , The Netherland and Finland. While if the husband is unemployed
wife has a positive incentive to increase the probability to participate in the
labour market.
4 Women’s wage equation
Now we estimate the wage equation with panel data sample selection, with
OLS and Heckman two step models for panel data.
We have pooled all the observations for the different countries, and al-
lowed the coefficients to vary among countries both in the hourly wage equa-
tion and in the selection (participation) equation.
After testing the selection equation described in section 2, to estimate
the hourly wage equation we calculate a probit on the selection participation
equation for each year and we take the inverse Mill’s ratio and put it in
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the wage equation. In particular, some variables appear in the selection
equation, yet they do not appear in the hourly wage equation, so we have:
wit = xitβ + γi + λˆit + eit (10)
This equation is analyzed on a sample that is limited for married women
born between 1941–1965, excluding those self-employed. We’ve dropped
observations that are inconsistent, and excluded women when the years of
experience exceeded the age, when experience was missing, and when they
reported a positive number of hours of work and zero wage.
The dependent variable wit is the logarithm of the real hourly wage of
married women. The vector of explanatory variables xit includes time dum-
mies, experience and experience square, and education of women in two
different levels ( tertiary and secondary), time dummy (T*) and Inverse
Mill’s ratio (lam*). The experience has been calculated as the difference be-
tween the present age and the age when starting the first job.4. In the ECHP
data set we can’t observe any variables to calculate the actual experience,
we only observe the potential experience.
We use both participants and non-participants married women to esti-
mate the selection equation, while to estimate the wage equation we only
use married women that participate to the labour market for at least two
waves.
In Table 4 and 5 we represent the estimation of the wage equation using
the Heckman model for panel data selection where we have corrected the
sample selection, as well as the standard error and estimate the asymptotic
variance as describe en procedure 4.1.1 in Wooldridge 1995.
Not all variables that affect the participation equation are also deter-
minant to estimate the wage equation, and the magnitude of the effects is
different. In Table 15 we report the selectivity correction term λit and the
interaction terms between lambda and dummies for time t. We can see that
the lambda terms are significant and sometimes negatively signed in most
countries, which suggests that the error terms in the selection and primary
equations are negatively correlated with the coefficient on lambda (ρeuσu),
which means (unobserved) factors that make participation more likely tend
to be associated with lower reservation wages.
In table 6 we have estimated the wage equation with the OLS method
without the correction for selection. This model tends to overestimate the
coefficients when the data set have a bias. The experience has a positive
and significant effect for all European countries on the hourly wage equation.
The square of the experience is negative and significant for both models in
each country, but even so there exists a difference between the coefficients
of the models.
4Similar regressions were also computed using experience calculated by age minus year
schooling minus 6. The results do not vary with the measure of experience.
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Regarding the effect of education we find that a higher education level
increases the wage in several countries and the sign is statistically significant.
The magnitude of the effect of each variable is different across-countries
in the Heckman model. In Northern countries education has a smaller effect
than in Mediterranean countries. The effect of tertiary education is very
large for Spain, Italy, Austria and Portugal.
5 Conclusion
This paper proposes an application of the estimation of panel data in pres-
ence of selection bias in the wage equation of European married women.
Applying the Wooldridge and Semykina estimation we can control the phe-
nomenon of unobservable individual heterogeneity and the selection bias.
We confirm the need to control for sample selection bias (as shown by the
fact that the inverse of the Mills’ ratio appears to be significant), because
ignoring this selection the effect of education, kids and experience could be
under or overestimated.
We find important differences among countries in the effect on the hourly
wages, both the experience and a higher level of education have a positive
effect on it. An elevate hourly wage increases the desire of women to par-
ticipate in the labour market.
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Table 1: Married women employment rate 1994-2001, ECHP data
by country
Country 1994 1995 1996 1997 1998 1999 2000 2001
Germany 68.37 67.61 69.4 68.85 69.29 71.18 73.12 73.13
Denmark 78.94 78.24 77.74 80.83 81.29 84.44 83.81 85.10
Netherlands 59.88 62.34 64.04 65.13 67.68 68.88 71.79 73.94
Belgium 66.23 66.13 66.18 67.57 69.41 70.63 71.46 74.29
France 58.93 60.48 61.27 57.41 60.82 60.45 63.18 64
U.K. 71.2 72.84 73.61 73.95 75.16 75.76 73.96 76
Ireland 42.55 45.72 50.36 53.03 55.39 57.77 57.79 57.14
Italy 39.13 39.12 39.91 40.03 41.4 42.19 42.23 42.62
Greece 30.34 30.86 31.71 32.55 35.73 33.38 36.7 37.61
Spain 29.77 32 32.03 35.03 37.48 39.41 41.69 45.18
Portugal 51.51 55.49 56.49 59.52 60.61 62.9 65.99 66.92
Austria 54.83 60.81 61.93 61.43 65.46 68.21 68.32
Finland 73 73.45 75.28 75.96 76.48 75.56
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